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Abstract

Deep learning has achieved remarkable success in supervised
image classification tasks, which relies on a large number of
labeled samples for each class. Recently, zero-shot learning
has garnered significant attention, which aims to recognize
unseen classes using only training samples from seen classes.
To bridge the gap between images and classes, class semantic
attributes are introduced, making the alignment between im-
age and class semantic attributes critical to zero-shot learn-
ing. However, existing methods often struggle to accurately
focus on the image regions corresponding to individual class
semantic attributes and tend to overlook the relations between
different regions of an image, leading to poor alignment. To
address these challenges, we propose a class semantic at-
tribute perception guided zero-shot learning method. Specifi-
cally, we achieve coarse-grained perception of class semantic
attributes across the entire image through contrastive seman-
tic learning. Additionally, we attain fine-grained perception
of individual class semantic attributes within image regions
via region partitioning-based attribute alignment, which fully
considers the relations between different regions of an image.
By integrating these two processes into a unified network,
we achieve multi-grained class semantic attribute perception,
thereby enhancing the alignment between images and class
semantic attributes. We validate the effectiveness of the pro-
posed method on zero-shot learning benchmark data sets.

Introduction
Deep learning has made remarkable progress in fully super-
vised image classification tasks (Russakovsky et al. 2015;
He et al. 2016; Dosovitskiy et al. 2021; He et al. 2022). How-
ever, labeling samples for every class is impractical, espe-
cially as new classes continually emerge. In response, zero-
shot learning (ZSL) (Xian et al. 2019a; Xu et al. 2022a; Tang
et al. 2022; Zhang et al. 2023; Chen et al. 2022c; Xu et al.
2022b; Narayan et al. 2021; Chen et al. 2021a) has recently
gained significant attention. The goal of ZSL (Larochelle,
Erhan, and Bengio 2008) is to recognize unseen classes for
which no training samples are available. To achieve this,
class semantic attributes (Frome et al. 2013; Lampert, Nick-
isch, and Harmeling 2009; Reed et al. 2016) are typically
introduced as a bridge between images and classes. These
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attributes, shared between seen and unseen classes, enable
ZSL methods to leverage the knowledge acquired from seen
classes to effectively recognize unseen classes.

In zero-shot image classification, image embeddings
are typically extracted by convolutional neural networks
such as VGG (Simonyan and Zisserman 2015), GoogleNet
(Szegedy et al. 2015), ResNet (He et al. 2016), etc. Mean-
while, class semantic attributes are derived from expert an-
notations or language models (Xian et al. 2019a; Welinder
et al. 2010; Patterson and Hays 2012). These image embed-
dings are then aligned with their corresponding class seman-
tic attributes. However, due to the significant differences be-
tween visual images and class semantic attributes, the pri-
mary challenge in zero-shot image classification is effec-
tively aligning images with class semantic attributes.

According to how to achieve alignment between images
and class semantic attributes, the existing zero-shot image
classification methods can be roughly categorized into two
types, i.e., overall embedding-based alignment methods (see
Fig. 1a) and part embedding-based alignment methods (see
Fig. 1b).
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Figure 1: An illustration of different alignment meth-
ods. (a) Overall embedding-based alignment method. (b)
Part embedding-based alignment method. (c) The proposed
method.
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Overall embedding-based alignment methods (see Sec-
tion Related Works) were the first to be proposed and have
garnered significant attention. This kind of method focuses
on extracting an overall embedding of an image and aligning
it with the corresponding class semantic attributes. In ZSL,
the class semantic attributes serve as transferable knowledge
shared between seen and unseen classes. However, these
methods struggle to effectively achieve the perception of in-
dividual class semantic attributes, which limits transferabil-
ity of knowledge from seen classes to unseen classes.

More recently, part embedding-based alignment methods
(see Section Related Works) have been introduced. This kind
of method aims to align the part embedding of an image
with the corresponding class semantic attributes. However,
they still face several limitations. First, these methods often
focus on the parts of an image that are too broad, failing
to effectively focus on the region corresponding to individ-
ual class semantic attributes. Second, they rarely account for
the relations between different regions of an image during
the alignment process between images and class semantic
attributes.

To tackle the above challenges, we propose a class seman-
tic attribute perception guided zero-shot learning method
(CSAP-ZSL) (see Fig. 1c). The regions of an image are di-
vided into different clusters. The regions of an image within
the same cluster are aligned with the corresponding class se-
mantic attributes, achieving fine-grained perception. In this
paper, the proposed CSAP-ZSL incorporates both coarse-
grained and fine-grained perception modules. In the coarse-
grained perception module, we first learn the overall em-
bedding of an image. Based on contrastive semantic learn-
ing, we achieve coarse-grained perception of class semantic
attributes across the entire image. In the fine-grained per-
ception module, we split an image into some small regions.
Then we explore the relations between different regions of
an image through soft region partitioning. Furthermore, we
achieve fine-grained perception of individual class semantic
attributes within image regions through region partitioning-
based attribute alignment. Finally, we integrate these two
modules into a united network, enabling multi-grained class
attribute perception for ZSL.

To summarize, the main contributions of this paper are as
follows:

• We propose a class semantic attribute perception guided
ZSL method, incorporating both coarse-grained and fine-
grained perception modules.

• In the coarse-grained perception module, we achieve
coarse-grained perception of class semantic attributes
across the entire image through contrastive semantic
learning.

• In the fine-grained perception module, we achieve fine-
grained perception of individual class semantic attributes
within image regions. We sufficiently consider the rela-
tions between the different regions of an image through
region partitioning-based attribute alignment.

• Extensive experiments on ZSL benchmark data sets vali-
date the effectiveness of the proposed method compared
to state-of-the-art methods.

Related Works
Overall Embedding-based Alignment Method
Overall embedding-based alignment methods can be
roughly divided into embedding methods and generative
methods. Embedding methods (Romera-Paredes and Torr
2015; Kodirov, Xiang, and Gong 2017; Zhang, Xiang, and
Gong 2017; Song et al. 2018; Li et al. 2018, 2020; Zhang,
Liang, and Zhao 2022; Zhang et al. 2023) aim to learn a
mapping between visual image space and class semantic
attributes space on training samples from seen classes. At
test phase, the samples are mapped into embedding space
and are classified by nearest neighbor search. Because the
learned model is used for recognizing unseen classes with-
out any adaptation, the domain shift problem (Fu et al. 2015,
2018) will be caused. Later, a large number of generative
methods are proposed (Schönfeld et al. 2019; Xian et al.
2019b; Li et al. 2019; Chen et al. 2021a,b; Guan et al. 2021;
Han et al. 2021, 2022; Kong et al. 2022). These methods
aim to learn a generator that can generate the image features
for unseen classes given class semantic attributes. Then the
ZSL problem is converted into a fully supervised learning
problem.

However, the above methods are unable to effectively
achieve the perception of individual class semantic attributes
on an image, which limits transferability of knowledge from
seen classes to unseen classes.

Part Embedding-based Alignment Method
Recently, part embedding-based alignment methods (Xie
et al. 2019; Zhu et al. 2019; Huynh and Elhamifar 2020;
Chen et al. 2022d; Xu et al. 2020; Chen et al. 2022b,a, 2023,
2022c) are proposed. These methods focus on the part of
an image and enable it to align with corresponding class
semantic attributes. Among them, AREN (Xie et al. 2019)
and SGMA (Zhu et al. 2019) attempt to mask or crop the
image parts to conduct alignment between image and class
semantic attributes. DAZLE (Huynh and Elhamifar 2020)
and MSDN (Chen et al. 2022d) adopt the dense attention
mechanism to locate the image parts of the class semantic at-
tributes. APN (Xu et al. 2020) designs an attribute prototype
network to locate the class semantic attributes in an image.
TransZero (Chen et al. 2022b) learns a discriminative im-
age feature by exploiting the Transformer-like mechanism
to achieve the guidance of the class semantic attributes. Fur-
ther, TransZero++ (Chen et al. 2022a) and DUET (Chen
et al. 2023) adopt Transformer-like mechanism for image
and class semantics, respectively, which achieves the mutual
guidance between the image embedding and class semantic
attributes. GNDAN (Chen et al. 2022c) learns more discrim-
inative embedding of the image by attention network, which
realizes the interactions between visual space and class se-
mantic space.

However, the above methods learn the part embedding is
too broad to effectively focus on individual class semantic
attributes and ignore the relations between different regions
of an image during the process of alignment between images
and class semantic attributes.
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Figure 2: The overview of the proposed CSAP-ZSL. The method includes coarse-grained and fine-grained perception modules.
G denotes the similarity graph of regions. AEN denotes attribute embedding network. RPN denotes region partitioning network.
APMN denotes attribute prototype matching network.

Problem Formalization
Given an image classification task, let X , Y and φ :
X → Y be the input space, the class label space and the
unknown classification function, respectively. Specifically,
X ⊆ RC×H×W , where C is the number of channels of
an image, H and W is the height and the width of an im-
age, respectively. In ZSL, the class label space consists of
two disjoint parts, i.e., Y = Ys ∪ Yu and Ys ∩ Yu = ϕ.
For the sake of discussion, let Ys = {1, 2, · · · , s} and
Yu = {s+1, s+2, · · · , s+u} be the set of seen classes and
unseen classes, respectively. And c = s+u denotes the total
number of the classes. In addition, ∀k ∈ Y , the class seman-
tic attributes vector ak ∈ Rds is introduced to establish the
bridge between seen classes and unseen classes.

Let Dtr = {(xi, yi)}ni=1 and Dte = {xj}n+m
j=n+1 be the

training and test data sets, respectively. In ZSL, all the train-
ing samples come from seen classes, i.e., ∀ (xi, yi) ∈ Dtr,
yi = φ (xi) ∈ Ys. In the test phase, samples can come from
the whole class space, i.e., ∀xj ∈ Dte, φ (xj) ∈ Y .

Methodology
The overview of the proposed method CSAP-ZSL is shown
in Fig. 2, which incorporates both fine-grained and coarse-
grained perception modules. To more effectively capture the
region features of an image, we split an image into some
small regions. In the fine-grained perception module, we
first explore the relations between different regions of an im-
age through soft region partitioning. Subsequently, we con-
duct the alignment between the partitioning result and the
class semantic attributes, which can realize fine-grained per-

ception of individual class semantic attributes within image
regions. Meanwhile, in the coarse-grained perception mod-
ule, we achieve coarse-grained perception of class semantic
attributes across the entire image through contrastive seman-
tic learning.

The total objective function is

L = Lfine + Lcoarse, (1)

where Lfine and Lcoarse denote the fine-grained perception
loss and coarse-grained perception loss, respectively. De-
tailed descriptions for each module of the proposed method
are given in the following sections.

Fine-grained Perception Module
This module aims to achieve fine-grained perception of in-
dividual class semantic attributes within image regions. This
module includes two components: soft region partitioning
and region partition-based attribute alignment. The soft re-
gion partitioning component sufficiently explores the rela-
tions between different regions of an image. Furthermore,
the region partition-based attribute alignment component en-
sures accurate alignment between image regions within the
same cluster and the corresponding class semantic attributes.

Given an image xi ∈ RC×H×W , let split (xi) =
(xi1 , xi2 , · · · , xiP ) be the split result. Specifically, ∀p =

1, 2, · · · , P , xip ∈ RC×H′×W ′
is the pth image region,

where H ′ and W ′ are the height and width of the image
region, respectively. And P = H

H′ × W
W ′ is the total number

of regions of an image 1.

1For simplicity, the divisible case is considered here.
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Let fe (split(xi); Θ1) = (hi0 , hi1 , hi2 , · · · , hiP ) be the
embedding of the split result output by feature extraction
network fe. Specifically, hi0 ∈ Rd is the overall embedding
of image xi. ∀p = 1, 2, · · · , P , hip ∈ Rd is the embedding
of the pth region of image xi. d is the dimension of embed-
ding. Θ1 is the set of learnable parameters of fe.

Soft Region Partitioning The goal of soft region parti-
tioning is to explore the relations between different regions
of an image, where the regions within the same cluster cor-
respond to individual semantic attributes. To achieve this,
we model the soft region partitioning problem as a graph cut
problem. For an image xi, we construct an undirected graph
Gi = (Vi, Si), where Vi = {vi1 , vi2 , · · · , viP } represents
the set of vertexes and Si ∈ RP×P represents the weights of
edges on graph Gi. The vertexes correspond to regions of an
image. sipq denotes the weight of the edge between vertices
vip and viq , calculated by the following formula

sipq =

{
1, if sim(vip , viq ) > τ and q ∈ radiusr(p)

0, otherwise
,

(2)
where the radiusr(p) denotes the image regions within ra-
dius r of pth region, which characterizes the spatial position
relation between image regions. τ is hyper-parameter and is
set to 1e−5 in the proposed method. sim(vip , viq ) denotes
the similarity between the pth region and the qth region and
cosine similarity is adopted, i.e.,

sim(vip , viq ) =
hT
iphiq

∥hip∥2∥hiq∥2
. (3)

In addition, we design the region partitioning network
(RPN) to learn the graph cut result, and we enable the as-
signing label to satisfy the probability distribution. There-
fore, for each region of an image, we have

fp
(
hip ; Θ2

)
∈

{
v

∣∣∣∣∣∀k = 1, · · · ,K, vk ≥ 0,
K∑

k=1

vk = 1

}
,

(4)
where hip denotes the embedding of the pth region of image
xi. fp denotes RPN and the Θ2 is the set of learnable param-
eters of fp. K is the number of clusters. Finally, we constrain
similar regions to be assigned to the same cluster, which can
preserve the similarities between different regions of an im-
age. Therefore, the loss of soft region partitioning can be
formalized as

Lsrp =
1

nP 2

n∑
i=1

P∑
p,q=1

∥∥fp (hip ; Θ2

)
− fp

(
hiq ; Θ2

)∥∥2
2
sipq .

(5)

Region Partition-based Attribute Alignment This com-
ponent aims to achieve accurate alignment between image
regions within the same cluster and the corresponding class
semantic attributes. As shown in Fig. 2, we design attribute
prototype matching network (APMN) to calculate the re-
sponse score of the each region of an image for each class
semantic attribute. We have

fm
(
hip ;P

)
= hT

ipP, (6)

where P =
(
p1, p2, · · · , pds

)
∈ Rd×ds and pj denotes the

jth class semantic attribute prototype and can be updated in
the learning process. Furthermore, we calculate the predict-
ing value of an image for jth class attribute prototype by the
following formula

âij = max
k=1,2,··· ,K

P∑
p=1

mipkfm
(
hip ;P

)
j
, ∀j = 1, 2, · · · , ds,

(7)
where mipk = fp

(
hip ; Θ2

)
k

is the membership of the pth
region of image xi corresponding to the kth cluster. We use
the maximum score of regions belonging to the same cluster
matching with class semantic prototype pj as the predict-
ing value for the jth attribute. Finally, we use the regression
loss on the predicting class semantic attributes and true class
semantic attributes, i.e.,

Lalign =
1

n

n∑
i=1

∥âi − ayi∥
2
2 , (8)

where âi is the predicting class semantic attributes of image
xi by formula (7). yi denotes the true class label of image xi

and ayi denotes the true class semantic attributes of yi.
To conclude, the fine-grained perception loss is formal-

ized as
Lfine = αLsrp + βLalign, (9)

where α > 0 and β > 0 are the trade-off parameters.

Coarse-grained Perception Module
The goal of this module aims to achieve coarse-grained per-
ception of class semantic attributes across the entire image
through contrastive semantic learning. As shown in Fig. 2,
we design an attribute embedding network (AEN) to map the
class semantic attributes into the latent space. At the same
time, we learn the image embedding by the feature extrac-
tion network fe. Finally, we conduct contrastive semantic
loss in the latent space. The coarse-grained perception loss
is formalized as

Lcoarse = − 1

n

n∑
i=1

log
exp

(
hT
i0fa(ayi

; Θ3)
)∑

k∈Ys
exp

(
hT
i0fa(ak; Θ3)

) , (10)

where hi0 denotes the embedding of the image xi obtained
by fe, and fa denotes AEN. The overall embedding of the
image is constrained to align with the corresponding class
semantic attributes ayi

to achieve the coarse-grained percep-
tion of class semantic attributes. yi denotes the true label of
the image xi. Θ3 is the set of learnable parameters of the
network fa, and fa (ayi ; Θ3) ∈ Rd.

Predict
First, the test image xj ∈ Dte is mapped into the latent
space. Then, we search for the nearest class semantic em-
bedding of the test image to assign the class label. Thus, we
have
ŷj = arg max

k∈Y
fe (xj ; Θ

∗
1)

T
fa (ak; Θ

∗
3)− γI[k ∈ Ys],

(11)
where Θ∗

1 and Θ∗
3 denote the learned parameters. I[k ∈

Ys] = 1 if k corresponds to seen classes and I[k ∈ Ys] = 0
otherwise. γ > 0 is the calibration factor.
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Experiments
Experimental Settings
Data Sets In the experiments, three benchmark ZSL
data sets AWA2 (Animals with Attributes2) (Xian et al.
2019a), CUB (Caltech-UCSD Birds-200-2011) (Welinder
et al. 2010), and SUN (SUN Attribute) (Patterson and Hays
2012) are used for evaluating the performance of the pro-
posed method. The data sets and data split both follow the
literature (Xian et al. 2019a). The detailed information of
data sets is summarized in Table 1.

Data Set ds |Y| |Ys| |Yu| Total Samples
Training Samples Test Samples

Ys Yu Ys Yu

AWA2 85 50 40 10 37322 23527 0 5882 7913
CUB 312 200 150 50 11788 7057 0 1764 2967
SUN 102 717 645 72 14340 10320 0 2580 1440

Table 1: The basic information of three zero-shot classifica-
tion benchmark data sets.

Comparison Methods For overall embedding-based
alignment ZSL methods, we select some embedding
methods, which include QFSL (Song et al. 2018), LDF (Li
et al. 2018), EBSG (Zhang, Liang, and Zhao 2022), DVBE
(Min et al. 2020) and mVACA (Zhang et al. 2023). In
addition, we select some generative methods, which include
CADA-VAE (Schönfeld et al. 2019), f-VAEGAN (Xian
et al. 2019b), LisGAN (Li et al. 2019), FREE(Chen et al.
2021a), HSVA (Chen et al. 2021b), BPL (Guan et al. 2021),
CE-GZSL (Han et al. 2021), SCE-GZSL (Han et al. 2022)
and ICCE(Kong et al. 2022). For part embedding-based
alignment ZSL method, we select some non-end-to-end
comparison methods, which include DAZLE(Huynh and
Elhamifar 2020), TransZero (Chen et al. 2022b), Tran-
sZero++ (Chen et al. 2022a), MSDN(Chen et al. 2022d) and
GNDAN (Chen et al. 2022c). In addition, we select some
end-to-end comparison methods, which include SP-AEN
(Chen et al. 2018), AREN (Xie et al. 2019), LFGAA (Liu
et al. 2019), SGMA (Zhu et al. 2019), APN (Xu et al. 2020),
VSE (Zhu, Wang, and Saligrama 2019) and DEUT (Chen
et al. 2023).

Evaluation Protocol In the test phase, we follow the uni-
fied evaluation protocols in literature(Xian et al. 2019a).
Specifically, for the generalized ZSL task, we report the top-
1 accuracy on seen classes (S) and unseen classes (U), as
well as their harmonic mean (H = (2 × S × U )/(S + U )).

Implementation Details In the proposed method CSAP-
ZSL, we take the vision transformer (Dosovitskiy et al.
2021) pre-trained on ImageNet1K as feature extraction net-
work. In addition, some parameters need to be determined.
Specifically, the trade-off parameters α and β both are
searched in the set {1e−3, 5e−4, 1e−4, 5e−5, 1e−5}. The
number of clusters in graph cut K is set to 7, 8, and 8 for data
sets AWA2, CUB, and SUN, respectively. The radius of the
similarity graph of regions is set to 6, 5, and 10 for data sets
AWA2, CUB, and SUN, respectively. The calibration factor

γ is set to 0.9, 0.9, and 0.3 for data sets AWA2, CUB, and
SUN, respectively. Finally, we adopt the Adam (Kingma and
Ba 2015) optimizer in the experiments. The learning rate of
networks AEN, PGN, and APMN all is searched in the set
{1e−2, 5e−3, 1e−3}. The learning rate of vision transformer
is set to 5e−6, 5e−5 and 1e−6 for data sets AWA2, CUB and
SUN, respectively. The batch size is set to 200 on all data
sets. We take an image of size 3× 224× 224 as input.

Performance Analysis
Table 2 records the experimental results of the proposed
method CSAP-ZSL compared to state-of-the-art ZSL meth-
ods on data sets AWA2, CUB, and SUN. And we have the
following observations
• Compared with overall embedding-based alignment

methods, including generative methods and embedding
methods, the proposed method CSAP-ZSL achieves
higher performance on all data sets.

• Compared with part embedding-based alignment meth-
ods, including 3 × 224 × 224 and 3 × 448 × 448 image
size as input, the proposed method CSAP-ZSL achieves
higher performance on all data sets.

The proposed method CSAP-ZSL is superior to the 26
comparison methods. The possible reasons are as follows.

First, the comparison methods adopt the pixel of the fea-
ture map as the smallest unit of an image region, which is
too board to capture the region corresponding to individ-
ual class semantic attributes. Instead, the proposed method
CSAP-ZSL splits an image into some small regions and as-
signs similar regions into the same cluster. The regions of
an images within the same cluster corresponds to individual
class semantic attributes.

Second, the proposed method CSAP-ZSL sufficiently ex-
plores the relations between different regions of an im-
age. Furthermore, the proposed method achieves region
partition-based attribute alignment between regions of an
image within the same cluster and class semantic attributes.

Third, the proposed method CSAP-ZSL achieves end-to-
end training, which enables the feature extraction network
to adapt to the ZSL task.

Ablation Study
We conduct ablation experiments to demonstrate the ef-
fectiveness of different components in CSAP-ZSL. Specif-
ically, the following methods are used for comparison. (a)
M1: refers to the coarse-grained perception module and the
parameters of fe are without fine-tuning. (b) M2: refers to
the coarse-grained perception module and the parameters of
fe are fine-tuning. (c) M3: refers to coarse-grained and fine-
grained perception modules without soft region partitioning
component, and the parameters of fe are fine-tuning. (d) M4:
refers to the full model. The performance of the different
models is shown in Table 3. From Table 3, we can draw the
following conclusions.

First, the model M2 achieves higher performance than the
model M1, which demonstrates that the end-to-end train-
ing can enable the pre-trained feature extraction network to
adapt to the current task. Second, the performance of the

22285



Image size Method End-to-End AWA2 CUB SUN
U S H U S H U S H

Overall Embedding-based Methods

3×224×224

QFSL (Song et al. 2018) ✓ 52.1 72.8 60.7 33.3 48.1 39.4 30.9 18.5 23.1
LDF (Li et al. 2018) ✓ 9.8 87.4 17.6 26.4 81.6 39.9 − − −
EBSG (Zhang, Liang, and Zhao 2022) ✓ 59.3 86.7 70.4 41.8 80.7 55.1 42.6 44.1 43.3
mVACA (Zhang et al. 2023) ✓ 60.4 79.7 68.7 64.5 75.3 69.4 44.3 42.0 43.1

3×448×448 DVBE (Min et al. 2020) ✓ 62.7 77.5 69.4 64.4 73.2 68.5 44.1 41.6 42.8

3×224×224

CADA-VAE (Schönfeld et al. 2019) 55.8 75.0 63.9 51.6 53.5 52.4 47.2 35.7 40.6
f-VAEGAN (Xian et al. 2019b) 57.6 70.6 63.5 48.4 60.1 53.6 45.1 38.0 41.3
LisGAN (Li et al. 2019) − − − 46.5 57.9 51.6 42.9 37.8 40.2
FREE (Chen et al. 2021a) 60.4 75.4 67.1 55.7 59.9 57.7 47.4 37.2 41.7
HSVA (Chen et al. 2021b) 56.7 79.8 66.3 52.7 58.3 55.3 48.6 39.0 43.3
BPL (Guan et al. 2021) − − − 47.3 52.5 49.8 42.2 27.9 33.6
CE-GZSL (Han et al. 2021) 63.1 78.6 70.0 63.9 66.8 65.3 48.8 38.6 43.1
SCE-GZSL (Han et al. 2022) 64.3 77.5 70.3 66.5 68.6 67.6 45.9 41.7 43.7
ICCE (Kong et al. 2022) 65.3 82.3 72.8 67.3 65.5 66.4 − − −
Part Embedding-based Methods

3×224×224

SP-AEN (Chen et al. 2018) ✓ 23.3 90.9 37.1 34.7 70.6 46.6 24.9 38.6 30.3
AREN (Xie et al. 2019) ✓ 15.6 92.9 26.7 38.9 78.7 52.1 19.0 38.8 25.5
LFGAA (Liu et al. 2019) ✓ 27.0 93.4 41.9 36.2 80.9 50.0 18.5 40.0 25.3
SGMA (Zhu et al. 2019) ✓ 37.6 87.1 52.5 36.7 71.3 48.5 − − −
APN (Xu et al. 2020) ✓ 57.1 72.4 63.9 65.3 69.3 67.2 41.9 34.0 37.6
DUET (Chen et al. 2023) ✓ 63.7 84.7 72.7 62.9 72.8 67.5 45.7 45.8 45.8

3×448×448

VSE (Zhu, Wang, and Saligrama 2019) ✓ 45.6 88.7 60.2 39.5 68.9 50.2 − − −
DAZLE (Huynh and Elhamifar 2020) 60.3 75.7 67.1 56.7 59.6 58.1 52.3 24.3 33.2
TransZero (Chen et al. 2022b) 61.3 82.3 70.2 69.3 68.3 68.6 52.6 33.4 40.8
TransZero++ (Chen et al. 2022a) 64.6 82.7 72.5 67.5 73.6 70.4 48.6 37.8 42.5
MSDN (Chen et al. 2022d) 62.0 74.5 67.7 68.7 67.5 68.1 52.2 34.2 41.3
GNDAN (Chen et al. 2022c) 60.2 80.8 69.0 69.2 69.6 69.4 50.0 34.7 41.0

3×224×224 CSAP-ZSL ✓ 66.8 84.4 74.6 68.1 73.2 70.6 61.3 45.5 52.2

Table 2: Experimental results (%) compared to state-of-the-art ZSL methods on data sets AWA2, CUB, and SUN. The best
results are marked in bold and the second-best results are marked in underlined. The symbol “–” indicates no results in original
literature.

Model AWA2 CUB SUN
U S H U S H U S H

M1 51.2 87.7 64.7 54.8 65.7 59.8 56.4 38.7 45.9
M2 58.5 81.7 68.2 63.4 66.9 65.1 46.9 51.0 48.9
M3 59.7 87.9 71.1 61.8 74.8 67.7 49.2 50.9 50.0
M4 66.8 84.4 74.6 68.1 73.2 70.6 61.3 45.5 52.2

Table 3: Experimental results (%) of ablation analysis of the
proposed method on data sets AWA2, CUB, and SUN.

model M3 is superior to the model M2, because the fine-
grained perception module can provide more discriminative
information for the model. Third, the full model M4 achieves
the highest performance, which verifies the effectiveness of
soft region partitioning and region partition-based attribute
alignment components.

Parameters Study
This section shows the experimental results on data sets
AWA2 and CUB.

The radius of graph Fig. 3 shows the variation ten-
dency of the U, S, and H of the proposed method
CSAP-ZSL under graphs of regions with different ra-
dius settings. In the experiment, the radius varies within

2 4 6 8 10 12 14
radius

0.60

0.65

0.70

0.75

0.80

0.85

0.90

U
S
H

(a) AWA2

2 4 6 8 10 12 14
radius

0.60

0.65

0.70

0.75

0.80
U
S
H

(b) CUB

Figure 3: The variation tendency of the U, S, and H as the
radius increases.

{1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14}. When the radius
is set to 6 and 5, the H of the proposed method CSAP-ZSL
is best on data sets AWA2 and CUB, respectively. And the
overall performance trend is relatively gentle under different
radius settings on all data sets.

The number of clusters Fig. 4 shows the variation
tendency of the U, S, and H of the proposed method
CSAP-ZSL with different numbers of clusters in graph
cut. In the experiment, the number of the clusters varies
within {5, 6, 7, 8, 9, 10} for data sets AWA2 and within
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{8, 9, 10, 11, 12, 13} for data set CUB. When the number
of clusters is set to 6 and 8, the H of the proposed method
CSAP-ZSL is best on data sets AWA2 and CUB, respec-
tively. The overall trend of performance is relatively gentle
under different numbers of clusters on all data sets.
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Figure 4: The variation tendency of the U, S, and H with
different numbers of clusters in graph cut.

The trade-off parameters Fig. 5 shows the variation ten-
dency of the H of the proposed method CSAP-ZSL with dif-
ferent trade-off parameters α and β. From Fig. 5, we can ob-
serve that the H of the proposed method CSAP-ZSL is not
sensitive to hyper-parameters α and β variations on data sets
AWA2 and CUB. Moreover, we obtain competitive perfor-
mance of the proposed method CSAP-ZSL within a limited
range compared to the state-of-the-art methods.
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Figure 5: The variation tendency of the H with different
trade-off parameters α and β.

Visualization Study
Taking data set AWA2 as an example, we visualize the T-
SNE (van der Maaten and Hinton 2008) feature embed-
dings extracted by the pre-trained ResNet101 and fine-
tuning ViT-base in the proposed method CSAP-ZSL, respec-
tively. As shown in Fig. 6, the feature embeddings of the pro-
posed method are more discriminative than the pre-trained
ResNet101.

In addition, because the class semantic attributes on the
data set CUB can be directly reflected in images, we show
the head regions of images obtained by the proposed method
on the data set CUB. As shown in Fig. 7, each image is di-
vided into 8 clusters by broken line. The proposed method
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-100
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100

(a)
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-100
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0

50

100
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Figure 6: The T-SNE visualization. (a) pre-trained
ResNet101. (b) fine-tuning encoder (ViT-base) in the pro-
posed method CSAP-ZSL.

discovers the regions corresponding to the head by soft re-
gion partitioning. Although the heads are located in different
positions in different images, the cluster of regions corre-
sponding to the head get the maximum response.

Figure 7: The exemplars for the region partitioning result of
the image in the proposed method CSAP-ZSL on data set
CUB. Different colors represent different levels of response
to attribute “head”.

Conclusion
This paper proposes a class semantic attribute percep-
tion guided ZSL method, which includes fine-grained and
coarse-grained perception modules. The fine-grained per-
ception module splits an image into some regions and then
explores the relations between regions of an image by soft
region partitioning. Furthermore, this module achieves re-
gion partition-based attribute alignment between the regions
of an image within the same cluster and class semantic
attributes. The coarse-grained perception module achieve
coarse-grained perception of class semantic attributes across
the entire image through contrastive semantic learning.
These two modules are united into a network, achieving
an end-to-end model. Finally, experiments on ZSL data sets
verify the effectiveness of the proposed method.
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